An important issue in fitting stochastic models to electricity spot prices is the estimation of a component to deal with trends and seasonality in the data. Unfortunately, estimation routines for the long-term and short-term seasonal pattern are usually quite sensitive to extreme observations, known as electricity price spikes. Improved robustness of the model can be achieved by (a) filtering the data with some reasonable procedure for outlier detection, and then (b) using estimation and testing procedures on the filtered data. In this paper we examine the effects of different treatment of extreme observations on model estimation and on determining the number of spikes (outliers). In particular we compare results for the estimation of the seasonal and stochastic components of electricity spot prices using either the original or filtered data. We find significant evidence for a superior estimation of both the seasonal short-term and long-term components when the data have been treated carefully for outliers. Overall, our findings point out the substantial impact the treatment of extreme observations may have on these issues and, therefore, also on the pricing of electricity derivatives like futures and option contracts. An added value of our study is the ranking of different filtering techniques used in the energy economics literature, suggesting which methods could be and which should not be used for spike identification. extreme price changes known as spikes or jumps (Benth et al., 2008; Eydeland and Wolyniec, 2012; Huisman, 2009; .
Introduction
Electricity as a commodity is unique. It is essentially non-storable, while end-user demand shows large variability and strong weather and business cycle dependence. Effects like power plant outages or transmission grid (un)reliability add complexity and reduce predictability. The resulting spot price series exhibit strong seasonality at the annual, weekly and daily levels, as well as mean reversion, very high volatility and abrupt, short-lived and generally unanticipated This paper is intended as a guide to robust modeling of spot electricity prices. In Section 2 we review some stylized facts as well as possible reasons for price spikes in electricity markets. We further provide an overview of methods (or filters) that have been suggested in the literature to identify price spikes. In Section 3 we outline different procedures for deseasonalizing the data and in Section 4 we describe the applied stochastic models focusing on Markov regime-switching models. In Section 5 we present an empirical study of spot prices from the German EEX and Australian New South Wales electricity markets, where we identify outliers and estimate seasonal patterns. Then, in Section 6 we summarize the results of a Monte Carlo simulation study that is aimed at comparing the different techniques with respect to estimating the correct seasonal pattern as well as the parameters of the underlying stochastic process. Finally, in Section 7 we conclude.
Price spikes

Occurrence of spikes
One of the most pronounced features of electricity markets are the abrupt and generally unanticipated extreme changes in the spot prices known as spikes (or jumps). Despite their rarity, price spikes are the very motive for designing insurance and hedging protection against electricity price movements. This is one of the most serious reasons for including discontinuous components in realistic models of electricity price dynamics. Failing to do so will greatly underestimate, say, the option premium, and thus increase the risk for the writer of the option on the electricity spot price.
Within a very short period of time, the system price can increase substantially and then drop back to the previous level, see Figure 1 where spot (log-)prices from two major power markets are depicted. These temporary price escalations account for a large part of the total variation of changes in spot prices. Indeed, as the literature points out, electricity prices are far more volatile than any other commodity (Kaminski, 2004; Simonsen, 2005; . Measuring volatility by the daily standard deviation of returns, electricity exhibits extreme volatility up to 50% while in general even very volatile stocks mostly do not exceed 4%.
The spike intensity is also non-homogeneous in time. Generally, the spikes are especially notorious during on-peak hours, i.e., around 9 am and 6 pm on business days, and during high consumption periods: winter in Scandinavia, summer in mid-western U.S., Australian summer in Australia, and so on. As the time horizon increases and the data are aggregated, the spikes are less and less apparent. For weekly or monthly averages, the effects of price spikes are usually neutralized in the data. However, it is not uncommon that prices from one day to the next, or even within just a few hours, increase tenfold. The 'spiky' nature of spot prices is the effect of non-storability of electricity. Electricity to be delivered at a specific hour cannot be substituted for electricity available shortly after or before. As currently there is no efficient technology for storing vast amounts of power, it has to be consumed at the same time as it is produced. Hence, extreme load fluctuations -caused by severe weather conditions often in combination with generation outages or transmission failures -can lead to price spikes (Huisman, 2009 ). The spikes are normally quite short-lived, and as soon as the weather phenomenon or outage is over, prices fall back to a normal level.
But one may wonder: why are the spikes so extreme? Simonsen (2005) and argue that the main reason for spikes in electricity spot prices is the bidding strategies used by Figure 1 : Mean daily electricity spot prices from the European Energy Exchange (EEX, Germany; left) and the New South Wales Electricity Market (NSW, Australia; right) . Note that, in the right panel, the log-prices (and not the prices themselves) are plotted. The logarithmic scale dampens the extreme spikiness of the Australian NSW prices, which can reach up to a bid-cap of 10000 AUD/MWh during peak hours, and since 2012, 12500 AUD/MWh. The price spikes are clearly visible in both cases. The EEX dataset even includes a few downward spikes or price drops. the market players. Since electricity is an essential commodity for many market participants, it is quite important to secure a sufficient and continuous supply of power at any time. Hence, some of the agents may be willing to pay almost any price to secure this supply. As a consequence, on a regular basis, bids are placed at the maximum allowed level (i.e., bid-cap) for the amount of electric power anticipated by the market players to be needed for that particular hour, or for the entire 24 hours of the next day (in the case of the EEX). It is important to recall that in uniformprice (or marginal) auction markets the spot price is what a buyer has to pay for each unit of power independently of the initial bid, as long as the bid was above (or equal to) the spot price. Hence, with this type of strategy, the worst case scenario is that a wholesale buyer has to pay the high prices for a maximum of 24 hours. After this period, the buyer is free to try to get cheaper power from alternative sources. With this type of bidding, there will always be some buyers that are willing to pay a considerable amount in order to cover their need of electricity.
Identification of spikes
The identification of spikes is a very important issue as it can influence the estimation of the deterministic and stochastic components for models of electricity spot price dynamics. However, in the literature the definition of a spike so far has been a rather subjective matter. Obviously, price spikes are defined as prices that surpass a specified threshold for a brief period of time. But it is difficult to gain any consensus on what that threshold or time interval should be. The identification methods suggested in the literature include:
• Fixed price thresholds where all prices exceeding some subjectively chosen price level (e.g., 100 EUR/MWh) are classified as spikes (Boogert and Dupont, 2008; Lapuerta and Moselle, 2001) . Graphical techniques, like the sample mean excess function, might be used for the selection of a more optimal cutoff level (Fanone et al., 2012) ; however, this procedure can hardly be automated.
• Variable price thresholds where a certain percentage of the highest (and/or lowest) prices, e.g., the upper 1% of prices , is classified as outliers. A related technique is to classify as spikes all prices exceeding the mean price level by three standard deviations, with the outlying observations removed one by one in a 'recursive filter' fashion (see the RFP method below).
• Fixed price change thresholds where price increments or price returns exceeding some threshold, e.g., 30% as in Bierbrauer et al. (2004) , are treated as outliers.
• Variable price change thresholds, more commonly known as the 'recursive filter' technique, where prices corresponding to the price increments or returns exceeding three standard deviations of all returns are removed one by one in an iterative procedure (Cartea and Figueroa, 2005; Clewlow and Strickland, 2000; Weron et al., 2004b; Weron, 2008) .
• Wavelet filtering where the signal (the price series) is first decomposed using the wavelet transform, then reconstructed up to a certain detail level. Leaving out the highest one or two detail levels leads to price series with eliminated price spikes, at least for half-hourly data (Stevenson, 2001; Stevenson et al., 2006) . Alternatively, more detail levels can be removed leading to a much smoother signal, which then can be subtracted from the original prices to yield deseasonalized and detrended data. In the latter, spikes can be found as observations exceeding three standard deviations of the differences .
• Thresholds implied by Gaussian 90% prediction intervals, as in Borovkova and Permana (2006) who considered as jumps those price moves that were outside 90% prediction intervals, implied by the normal distribution with the mean and variance given by the 60-days moving average and 60-days moving variance of the price moves.
• Thresholds yielding the best model in terms of matching kurtosis, as in Geman and Roncoroni (2006) who filtered raw price data using different thresholds and selected the one leading to the best calibrated model in view of its ability to match the kurtosis of observed daily price variations.
• MRS model classification as a byproduct of calibrating a Markov regime-switching model to deseasonalized and detrended data (Weron, 2009; Janczura and Weron, 2010) . The Expectation-Maximization (EM) algorithm (Hamilton, 1990; Kim, 1994; Janczura and Weron, 2012) is an iterative two-step procedure which computes the conditional probabilities for the process being in a certain regime at a given time. All prices with the probabilities of being in one of the extreme regimes exceeding a certain probability threshold, say 1 2 , can be classified as outliers.
One more method is proposed in this article:
• Recursive seasonal model where in each step the number of outliers is reduced based on the marginal reduction of the mean squared error (MSE) of fitting a seasonal pattern to the new series. In each step the observations above the determined new threshold are replaced by the threshold and then a new seasonal pattern is estimated. In each recursive step the next threshold is chosen to be the mean of the three highest prices below the threshold. The procedure stops when the reduction in the MSE of the fitted seasonal pattern is less than 1%, or some similar nominated tolerance.
Obviously, the different techniques may lead to quite different identification of spikes in electricity spot prices. To our best knowledge, excluding the preliminary results of Trück et al. (2007) , so far no thorough empirical study has been conducted to examine the effects the different spike identification methods may have on the determination of the seasonal pattern or parameter estimates of the stochastic components of electricity prices. Finally, it is important to consider also seasonality and trend in the data. Otherwise the identification of certain observations as outliers will be clearly dependent on the weekday or month if there is also a yearly pattern in the data. The deseasonalization techniques will be discussed in Section 3.
Replacing spikes by 'normal' values
Once the spikes are identified they have to be replaced by 'normal', less spiky values. Again there is no consensus what these 'normal' prices should be. A non-exhaustive list of solutions proposes that spikes are replaced by:
• the chosen threshold (Shahidehpour et al., 2002) ;
• the mean of the two neighboring prices (Weron, 2008) ;
• one of the neighboring prices (Geman and Roncoroni, 2006) ; or
• 'similar day' values, e.g., the median of all prices having the same weekday and month (Bierbrauer et al., 2007) .
Since we will be working with deseasonalized data, yet another simple method is proposed and exclusively used in this article in which the spikes are replaced by:
• the mean of the deseasonalized prices.
Finally, note that if we are not interested in the time evolution, only in distributional properties, we do not have to replace the spikes at all.
Deseasonalization
There are different approaches in the literature to dealing with the seasonal pattern in electricity price dynamics. Here we follow the 'industry standard' and represent the spot price P t by a sum of two independent parts: a (predictable) seasonal component f t and a stochastic component X t , i.e., P t = f t + X t . Further, we let f t be composed of a weekly periodic part s t (i.e., a short-term seasonal component, STSC) and a long-term trend-seasonal component (LTSC) T t , which represents the long-term non-periodic fuel price levels, the changing climate/consumption conditions throughout 6 the years and strategic bidding practices. As mentioned above, multiplicative models become additive under logarithmic transform.
There are essentially three different suggestions in the energy economics literature for dealing with the trend-seasonal component f t of electricity spot prices. The first is to use piecewise constant functions (Bhanot, 2000; Fanone et al., 2012; Fleten et al., 2011; Haldrup et al., 2010; Higgs and Worthington, 2008; Knittel and Roberts, 2005; Lucia and Schwartz, 2002) . Since this approach yields a non-smooth trend-seasonal component and, hence, requires additional smoothing treatment, it will not be used in this study.
The 'sin-EWMA' long-term seasonal component
The second suggestion is to model the trend-seasonal pattern by sinusoidal functions (Bierbrauer et al., 2007; Borovkova and Permana, 2006; Cartea and Figueroa, 2005; Geman and Roncoroni, 2006; Lucia and Schwartz, 2002; Pilipovic, 1998; Seifert and Uhrig-Homburg, 2007; . Since for many datasets sinusoidal functions are too regular in their periodicity to describe the long-term spot price evolution, they can be coupled with an exponentially weighted moving average (EWMA), as in De Jong (2006) . One of two models for T t used in this study is given by:
(1)
Following De Jong (2006) , the exponentially weighted moving average uses a decay factor of λ = 0.975, i.e., EWMA λ t = (1 − λ) · P t + λ · EWMA λ t−1 . The parameters a 1 , ..., a 4 can be estimated using nonlinear least squares. This LTSC model is denoted by 'sin-EWMA' later it in the text.
The wavelet long-term seasonal component
The third approach is to use wavelet decomposition and smoothing as more robust to outliers and a less periodic alternative to Fourier analysis (Janczura and Weron, 2010; Stevenson et al., 2006; . Recall, that wavelets belong to families and come in pairs of a father and a mother wavelet for a given order, like the Daubechies wavelets of order 24 used here. The different families and orders of wavelets make different trade-offs between how compactly they are localized in time and their smoothness (Percival and Walden, 2000) . Any function or signal (here, P t ) can be built up as a sequence of projections onto one father wavelet and a sequence of mother wavelets: S J + D J + D J−1 + ... + D 1 , where 2 J is the maximum scale sustainable by the number of observations. At the coarsest scale the signal can be estimated by S J . At a higher level of refinement the signal can be approximated by S J−1 = S J + D J . At each step, by adding a mother wavelet D j of a lower scale j = J − 1, J − 2, ..., we obtain a better estimate of the original signal. This procedure, also known as lowpass filtering, yields a traditional linear smoother. Here we use the S 6 approximation, which roughly corresponds to bimonthly (2 6 = 64 days) smoothing. Note that in terms of smoothing properties wavelet filters show some resemblance to kernel density estimators (KDEs). In fact, a KDE with a Gaussian kernel and standard deviation of about 90 days yields seasonal components similar to the wavelet estimated LTSC S 6 . However, unless a complicated local bandwidth choice is employed, KDEs are not locally adaptive and for datasets with seasonal components of varying time frequencies and amplitudes, like electricity spot prices, the bandwidth is typically either too small or too large. Wavelet filters do not share this drawback and, in general, are superior to KDEs (Härdle et al., 1998) .
The 'average week' short-term seasonal component
The price series without the LTSC is obtained by subtracting T t from P t . Next, the weekly periodicity s t can simply be removed by subtracting the 'average week' calculated as the arithmetic mean of the LTSC-deseasonalized (log-)prices corresponding to each day of the week. This approach is equivalent to having dummies for each day of the week, as in De Jong (2006) . Public holidays can be and are treated here as the eighth day of the week. The median or a truncated mean can be used instead of the mean as an alternative more robust to outliers, however, usually the differences are not substantial.
Forecasting of the seasonal components
Although forecasting of the seasonal components is beyond the scope of the present paper, let us briefly comment on this issue. Trigonometric or periodic functions -such as the sinusoidal LTSC or the 'average week' STSC -can be easily extrapolated into the future. Unfortunately, combining sinusoidal functions with an exponentially weighted moving average complicates things very much, because EWMA t+1 is dependent on the unknown future price P t+1 . Also predicting the wavelet LTSC beyond the next few weeks is a difficult task, since individual wavelet functions are quite localized in time or (more generally) in space. Preliminary research suggests, however, that despite this feature the wavelet LTSC can be extrapolated into the future yielding an on-average comparable prediction of the level of future spot prices to that of an extrapolation of a sinusoidal LTSC (Nowotarski et al., 2011 ). An alternative, potentially promising approach would be to use forward looking information, like smoothed forward curves. The information carried by forward prices provides insights as to the future evolution of spot prices. However, forward prices also include the risk premium, which should somehow be separated from the spot price forecast for it to be useful (Janczura and Weron, 2012) .
Stochastic models for the deseasonalized spot price
The specific behavior of electricity prices, in particular extreme volatility and the described price spikes have forced producers and wholesale consumers to hedge against price movements. This in turn has significantly propelled research in electricity price modeling and forecasting. One of the first models which has been examined in the context of electricity markets is the classical mean-reversion or Vasiček-process, see, e.g., Lucia and Schwartz (2002) and Knittel and Roberts (2005) . On the other hand, by making certain assumptions about the functional form of the supply and demand curve, Barlow (2002) derives a non-linear Ornstein-Uhlenbeck process as appropriate model for electricity prices. Early publications on models for electricity prices with a jump component include Deng (1998) , Bhanot (2000) , Clewlow and Strickland (2000) , Kaminski (2004) and Knittel and Roberts (2005) and are typically based on a jump-diffusion as in Merton (1976) . More recently, Geman and Roncoroni (2006) suggest to model electricity log-prices with a onefactor Markov jump-diffusion model. A particularly nice feature of their model is that the jump direction and intensity is dependent of the current level of the spot price. Hambly et al. (2009) suggest a specification of a jump-diffusion model including both a mean-reverting diffusion and mean-reverting jump process. Jabłońska et al. (2011) use a multiple mean reversion jump-diffusion model with the mean reversion taking place at several different time and price scales.
Also GARCH-type models have been applied to describe the structure of electricity prices, see, e.g., Garcia et al. (2005) and Knittel and Roberts (2005) . These studies find that the additional use of GARCH error terms outperforms the predictive power of several other models. On the other hand, Misiorek et al. (2006) find that, despite the heteroscedastic nature of the residuals in the autoregressive models, the addition of a GARCH component in the specification does not improve the accuracy of point forecasts though it slightly improves interval forecasts. In a more recent study, Koopman et al. (2007) suggest an approach using periodic dynamic long memory regression models with GARCH errors.
In parallel to jump-diffusion models, Markov regime-switching models (MRS; sometimes also called hidden Markov models -HMM) have been gaining popularity in the energy economics literature since the late 1990s. To our best knowledge, they were first applied to electricity prices by Deng (1998) and Ethier and Mount (1998) , who considered 2-state models with mean-reverting AR(1) processes for the log-prices in both regimes. Independent spike (IS) MRS models, where the base regime is modeled by an AR(1) process and the spike regime by an independent normal (log-normal or Pareto) random variable, were introduced by Huisman and de Jong (2003) and Weron et al. (2004a) . In the following years various MRS models have enjoyed extensive use due to their relative parsimony and the ability to capture the unique characteristics of electricity spot prices (Bierbrauer et al., 2007; De Jong, 2006; Erlwein et al., 2010; Haldrup et al., 2010; Higgs and Worthington, 2008; Hirsch, 2009; Huisman, 2009; Weron, 2010, 2012; Kanamura andŌhashi, 2008; Karakatsani and Bunn, 2008; Keles et al., 2012; Kholodnyi, 2005; Mari, 2008; Mount et al., 2006; Weron, 2009 ).
The underlying idea behind Markov regime-switching is to represent the observed stochastic behavior of a specific time series by two (or more) separate states or regimes with different underlying stochastic processes. The switching mechanism between the states is assumed to be an unobserved (latent) Markov chain. In contrast to jump-diffusion models, MRS models allow for consecutive spikes in a very natural way. Also the return of prices after a spike to the 'normal' regime is straightforward, as the regime-switching mechanism admits temporal changes of model dynamics. MRS models are also more versatile than the classical hidden Markov models (or HMM in the strict sense, see Cappe et al., 2005) popular in engineering sciences, since they allow for temporary dependence within the regimes, in particular, for mean reversion. As the latter is a characteristic feature of electricity prices it is important to have a model that captures this phenomenon. Indeed, the base regime is typically modeled by a mean-reverting diffusion (Huisman, 2009), sometimes heteroskedastic (Janczura and Weron, 2010) . For the spike regime(s), on the other hand, a number of specifications has been suggested in the literature, ranging from mean-reverting diffusions to heavy-tailed random variables.
The switching mechanism between the states (or regimes) of a MRS model is assumed to be an unobserved (latent) Markov chain R t . It is described by the transition matrix P containing the probabilities p i j = P(R t+1 = j | R t = i) of switching from regime i at time t to regime j at time t + 1. For instance, for i, j ∈ {1, 2} we have:
Because of the Markov property the current state R t at time t depends on the past only through the most recent value R t−1 .
In this paper we focus on a specification popular in the energy economics literature where the individual regimes are driven by independent processes (for a review see, e.g., Janczura and Weron, 2010) . The (deseasonalized) spot price X t is defined as:
(3)
The first (base) regime describes the 'normal' price behavior and is given by the mean-reverting, heteroskedastic process. In continuous time, the process is defined by a (continuous-time) stochastic differential equation that governs the dynamics of the (deseasonalized) price, X t :
Note that, in this specification, the Brownian motion W t is responsible for fluctuations around the long-term mean α 1 /β 1 proportional to σ 1 , while β 1 is the speed of mean-reversion. In discrete time, the process can be written as
where ǫ t is standard i.i.d. Gaussian noise. The second regime represents the sudden price spikes caused by unexpected supply shortages and is given by i.i.d. random variables from the shifted log-normal distribution:
Finally, the third regime (responsible for the sudden price drops) is governed by the shifted 'inverse log-normal' law:
Note that the values X(q i ) in the above equations denote the q i -th quantile of the dataset. Such specification of the spike and drop regime distributions ensures that the observations below (above) the q 2 -th (q 3 -th) quantile will not be classified as spikes (drops). In general, the values of q i can be obtained by an optimization procedure. Here, for simplicity, we set q 2 to be the third quartile and q 3 to be the first quartile of the dataset. Calibration of regime-switching models with an observable state process boils down to the problem of independently estimating parameters in each regime. In case of MRS models, though, the calibration process is not straightforward, since the state process is latent and not directly observable. We have to infer the parameters and state process values at the same time. In this paper we use the Expectation-Maximization (EM) algorithm that was first applied to MRS models by Hamilton (1990) and later refined by Kim (1994) . It is a two-step iterative procedure, reaching a local maximum of the likelihood function:
• Step 1: For a parameter vector θ compute the conditional probabilities for the process being in regime j at time t, the so-called 'smoothed inferences'.
•
Step 2: Calculate new and more exact maximum likelihood estimates of θ using the likelihood function, weighted with the smoothed inferences from Step 1.
Note that the introduction of independent regimes results in a significantly increased computational burden. See Janczura and Weron (2012) for an efficient modification of the algorithm to overcome this problem.
Results for EEX and NSW market data
In this section we compare the different approaches with respect to the estimation of the seasonal pattern and the parameters of the stochastic process. In particular we illustrate the impacts of using different outlier detection techniques (or 'filters') on the number and size of observations being classified as price spikes or price drops. Since the analysis of market data cannot provide conclusive results on the performance of the individual methods -recall that the 'actual' seasonal pattern and stochastic process are unknown -in Section 6 we will conduct an extensive simulation study to further investigate the issue. In this Monte Carlo experiment we will assume that we know the 'actual' seasonal components and parameters of the stochastic process such that we can examine the effects of the outlier filters on the estimates of the seasonal pattern and stochastic models.
The data and their deseasonalization
In order to use realistic seasonal and stochastic components, the parameters of the seasonal and stochastic components are estimated from spot prices recorded in two major power markets. Namely, we use mean daily (baseload) spot prices from the European Energy Exchange (EEX; Germany) and the mean daily (baseload) spot log-prices from the New South Wales Electricity Market (NSW; being part of the National Electricity Market in Australia). Both datasets comprise five years of data ranging from January 2, 2006, to January 2, 2011, totaling 1827 observations (261 full weeks). The datasets are plotted in Figure 1 . Note that for the EEX market we provide a plot of the original price data while for the NSW electricity market, the log-prices and not the prices themselves are plotted. The logarithmic scale dampens the extreme spikiness of the Australian NSW prices, which can reach up to a bid-cap of 10000 AUD/MWh during peak hours and, since 2012, 12500 AUD/MWh. The price spikes are clearly visible in both cases while the NSW market exhibits a significantly larger number of extreme price observations. Note that the EEX dataset even includes a few price drops with a negative system price (see Fanone et al., 2012 , for a discussion).
We use two methods for estimating the long-term seasonal component T t , either (i) a wavelet smoother of level 6 (i.e., S 6 , see Section 3.2) or (ii) a sine function combined with an exponentially weighted moving average (i.e., 'sin-EWMA', see Section 3.1). After detrending (subtracting T t from the spot prices), the short-term seasonal component s t is calculated as the 'average week' (with holidays treated as the eighth day of the week; see Section 3.3) and removed from the detrended data. The remaining stochastic component X t = P t − T t − s t is modeled as a Markov regime-switching model defined by eqns. (5)-(7).
The outlier filters
In order to examine the effect of outlier treatment on the estimation of the seasonal and stochastic components of electricity prices, we apply different outlier detection methods (or 'filters') to the EEX and NSW spot (log-)prices and compare the resulting seasonal patterns and the properties of the remaining stochastic part. Since the seasonal effects would obviously influence outlier identification, some detrending technique should be performed prior to applying the outlier detection methods. Here, we proceed in the following way. First, we estimate and subtract the seasonal pattern from the original (log-)prices. Next, we apply one of the filtering methods to the deseasonalized dataset. Finally, we obtain the dataset without outliers by adding the original seasonal patterns to the filtered series. In this study, we consider the following approaches for outlier detection:
(1) No removal of spikes or drops such that the original series is used for later estimation of the seasonal pattern and the stochastic process (ORG).
(2) Fixed price threshold with deseasonalized prices exceeding the range of (−40, 40) -or (−0.5, 0.5) for deseasonalized log-prices -identified as outliers (FPT).
(3) Variable price threshold with 2.5% highest and 2.5% lowest deseasonalized prices treated as outliers (VPT1). (4) Variable price threshold with 10% highest and 10% lowest deseasonalized prices treated as outliers (VPT2). (5) Recursive filter on pricesvariable price threshold using three standard deviations on deseasonalized prices (RFP). (6) Recursive filter on price differencesvariable change price threshold using three standard deviations on deseasonalized price differences (RFD). Once the price spikes and drops are identified they have to be replaced by 'normal', less spiky values. Since we are working with deseasonalized data, for simplicity, we replace them by the mean of the deseasonalized prices.
Results of outlier detection
In a first step we consider the number of observations that are being classified as price spikes by each of the methods. We find that there are significant differences between the filters both with respect to the number of identified price spikes, as well as for the average magnitude of a positive spike or negative price drop. The results for the different methods are summarized in Table 1 and illustrated for the EEX market in Figure 2 . Note that the figure presents the results only for the application of a wavelet LTSC, however, as indicated by Table 1 , results with respect to the number and magnitude of spikes for the sin-EWMA long-term seasonal component are generally quite similar.
Looking at the results for the EEX market we find that the fixed price-threshold (FPT) method yields the smallest number of price spikes (0.77%), while the variable price threshold with 10% highest and 10% lowest prices treated as outliers (VPT2) of spikes (roughly 10%). Among the other methods considered, the MRS model classifies approximately 4% to 5% of the observations as spikes, while all of the other models yield between 1.75% and 2.5% price spikes. As a result of the large differences between the models in terms of spike identification, there are also significant differences with respect to the average magnitude of a spike. Clearly, the model classifying the lowest number of observations as price spikes will yield the highest magnitude for an average spike. Therefore, we find that the average magnitude of an observation identified as a spike for the FPT is around EUR 143 while it is only EUR 75 for VPT2. For the other methods the average price spike is between EUR 96 and EUR 116. Note that these EUR values refer to the original observations and not deseasonalized price data. For price drops in the EEX market we find similar results. The FPT method yields the smallest number of observations (0.05%) being identified as price drops, while the VPT2 again gives the highest number of drops (10%), followed by the MRS model classification (3.61% for wavelet, and 4.87% for sin-EWMA LTSC). The range of observations being classified as drops by the other methods is between 0.27% and 2.52%. Note that FPT only classifies one observation with a price of EUR −35.57 as a drop, while the average price drop is EUR 39.97 for the MRS model classification and EUR 38.05 for VPT2. Let us now consider the results for the NSW market that are reported in Table 1 and illustrated by Figure 3 . Recall that, for this market, we do not use the actual spot price but log-prices, to dampen the extreme spikiness. Still, apart from the filters involving a 2.5% or 10% variable price threshold, all methods characterize a greater percentage of observations as price spikes for NSW data than for EEX data. Similar to the results for the EEX, we find that the VPT2 (10%) and RSC (13% and 10%) techniques classify the largest number of observations as price spikes. Also the recursive filter on price differences classifies approximately 6% of the observations as price spikes. Interestingly, this time also the fixed price-threshold (FPT) method yields a large number of positive spikes between 5% and 6%; however, this might be due to the rather arbitrary choice of classifying all deseasonalized prices outside the range of (−0.5, 0.5) as outliers. A comparably smaller number of observations, between 2.96% and 3.78%, is identified as spikes by the RM, RFP and VPT1 methods. Again, the differences between the filters with respect to the number of observations being classified as price spikes are substantial in terms of the average magnitude of a price spike, which is between 5.27 and 5.67 for the VPT1, RM and RFP methods and around 4.4 on the log-scale for the MRS classification (RSC). Results for price drops in Table 1 indicate that for the NSW market there are clearly fewer observations classified as price drops in comparison to the number of price spikes. However, the individual methods yield quite different results with respect to the number of drops in comparison to the EEX. For the NSW market the RFP and RM techniques yield the smallest number of price drops -the recursive seasonal model does not identify even a single drop while the recursive filter on prices only classifies 0.05% and 0.27% of the observations as drops. This is also confirmed by Figure 3 . On the other hand, we find that next to the VPT2 technique, also the RSC filter identifies up to 6.90% of the log-prices as price drops. Interestingly, this is only true when the wavelet LTSC is being used while for the sin-EWMA seasonal pattern the fraction of price drops is much lower. The FPT, VPT1 and RFD methods suggest around 2% to 3% of the deseasonalized log-prices as drops.
Seasonal patterns for outlier filtered data
In the next step we examine the impact of removing the outliers on the estimation of the seasonal pattern. Figures 4 to 7 show the estimated long-term (LTSC) and short-term (STSC) seasonal components for the EEX market. Results are reported for different outlier identification techniques. Figure 4 shows the original spot price series and the estimated wavelet LTSC. Results are illustrated for four different methods: using the original price series that includes all the extreme price spikes and drops (ORG); and using the VPT1, RFD or RSC filters for which the identified outliers are replaced by the mean of the deseasonalized series before reestimating the seasonal pattern. Figure 5 shows the results when instead of a wavelet approximation, sin-EWMA is used for the estimation of the long-term trend. For both figures the lower left panel in the second row zooms into the original spot prices and the estimated long-term trend for the time period June to December 2006. The lower right panel shows the estimated short-term seasonal pattern for Monday to Sunday as well as for holidays (indicated by 'Ho' on the horizontal axis).
Let us now consider the estimated long-term seasonal components. Figures 4 to 7 illustrate that the LTSC estimated for the original prices (or log-prices for NSW) can deviate quite substantially from the other long-term patterns. This is particularly true for periods where a large number of price spikes could be observed. For example, for the EEX we find that between June and August 2006 due to several price spikes in July 2006 the estimated LTSC for the original data deviates by up to EUR 15 from the estimated long-term patterns based on the outlier-corrected data. As shown in the lower left panel of Figures 4 and 5 the effect seems to be even more pronounced when instead of the wavelet approximation the sin-EWMA pattern is being used for the long-term trend. A reason for this might be that for the wavelet trend we use the S 6 approximation, which roughly corresponds to bimonthly (2 6 = 64 days) smoothing and is therefore less sensitive than EWMA to extreme observations like price spikes. Overall the wavelet approximation provides a much smoother pattern than sin-EWMA. We can also see from the zoom in the lower left panel of Figure 5 that, for the original data, the sin-EWMA estimated LTSC reacts with a certain delay to extreme price observations such that the estimated long-term trend typically increases only after a number of spikes could be observed in the market. On the other hand, using the outlier-cleaned price data, both the wavelet and sin-EWMA seasonal patterns are less volatile since the extreme observations do not enter the estimation procedure. In particular, as illustrated by Figure 5 , the sin-EWMA approach yields a much smoother estimate of the LTSC for the VPT1, RFD or RSC filter in comparison to the pattern estimated for the original price data.
Results are quite similar for the NSW market, see Figures 6 and 7 . Recall that, for this market, all estimates are based on log-prices instead of the original price series. We also find that for the NSW market, e.g., during the periods July to August 2007, October to November 2008, January to February 2009 or December 2009 to February 2010 the estimated long-term seasonal pattern for the original log-prices deviates quite significantly from the estimated patterns being based on data that have been cleaned for observed outliers. The lower left panels of Figures 6 and 7 zoom in on the period October 2008 to April 2009. Again, the estimated LTSC is most sensitive to extreme price observations when the original log-price data are being used; it reacts less to such observations when the estimation is based on data that have been cleaned for outliers. Like for EEX prices, the wavelet approximation provides a much smoother pattern than sin-EWMA. Also the differences between the individual methods seem to be more pronounced for the sin-EWMA technique.
Let us now consider the estimates for the short-term seasonal components that are reported in the lower right panels of Figures 4 to 7. Again we illustrate results for four of the considered techniques only: ORG, VPT1, RFD and RSC. Recall that the STSC is estimated after detrending, i.e., subtracting the LTSC from the spot or log-spot prices, and is then simply calculated as the 'average week'. Holidays are treated separately like an eight day of the week and are reported as 'Ho' in the figures.
For the EEX market the estimation technique for the long-term trend does not seem to have a strong impact on the estimated short-term pattern. Results for the STSC look quite similar, no matter whether the LTSC was estimated using the wavelet or the sin-EWMA approach. However, we find that there are visible differences between the patterns depending on the outlier detection method. Similar to the estimates of the LTSC, these differences are more substantial when the estimation is based on the original data in comparison to the methods replacing extreme observations beforehand. Applying no filter to the price spikes and drops yields clearly greater estimates for Tuesdays and Thursdays in the STSC while the estimates for Sundays and Holidays are lower. On the other hand, the estimated components look rather similar for the different filters. Among the illustrated methods, the RSC technique seems to provide slightly smaller estimates for the weekdays and slightly greater estimates for Sundays and Holidays in comparison to the VPT1 and RFD filters. This might be a result of the larger number of observations being characterized as outliers and subsequently being replaced by the RSC method. However, the differences in the estimated short-term pattern are much smaller between the individual outlier detection methods in comparison to the calculated pattern for the original data.
Also for the NSW market, the estimation technique for the long-term trend has only limited impact on the estimated short-term seasonal pattern, see Figures 6 and 7 . However, the estimated STSC for the original log-prices has a slightly different shape than the component for the data that has been cleaned for outliers. We find that the pattern based on original log-prices yields a larger estimate for Thursdays than the other techniques while it gives smaller estimates in particular for Sundays and Holidays. Again the results are very similar for the VPT1, RFD and RSC methods, suggesting that it matters whether outliers are being replaced before estimation of the STSC, but not so much which filtering techniques are used. We conclude that replacing extreme observations, such as significant price spikes or price drops, seems to have a significant impact on the estimated seasonal component, as illustrated by Figures 4 to 7 . This is true for both the long-term and short-term seasonal patterns. In particular the estimated LTSC seems to be significantly affected by price spikes when the original price or log-price data are used. On the other hand, deviations between the estimated long-term and short-term seasonal pattern for different outlier detection methods are less pronounced. Overall, differences in the estimated seasonal pattern will subsequently lead to different parameter estimates for the stochastic price process. A potential mis-specification of the seasonal component might even introduce an additional bias or artificial price fluctuations that will lead to biased estimates of the parameters for the stochastic price process. However, since the actual seasonal pattern is unobservable, it is hard to argue at this point which method provides the 'best' estimate of the pattern. We will further investigate the impact of the different approaches on the estimation of the seasonal pattern and, subsequently, the parameters of the stochastic process in a simulation study in the next section.
Monte Carlo simulation study
In order to investigate the effect of outlier treatment on the estimation of the seasonal and stochastic components of electricity prices, we conduct the following simulation study: we apply different outlier detection methods (filters) to simulated trajectories and compare the resulting estimated seasonal patterns and stochastic model parameters with the true values. As illustrated in the previous section, outliers might have severe impact on the form of the LTSC and STSC estimated from market data, which may then also have impact on the estimated parameters for the stochastic process.
The simulation setup
In our simulation study we proceed in the following way. First, we estimate the LTSC from the electricity spot prices using either wavelets or the sin-EWMA approach (see Sections 3.1 and 3.2) and then the STSC using the 'average week' method (see Section 3.3). The EEX and NSW price series used for this purpose provide us with two distinct but realistic simulation environments. Next, the upper 2.5% and lower 2.5% of the deseasonalized prices are substituted with the mean of all remaining observations, i.e., we use the VPT1 method; we are motivated to do so by the results of the previous section, where VPT1 has been found to perform reasonably well and robust. The dataset without outliers is then recovered by adding the seasonal components (LTSC and STSC) to the filtered series. Finally, the long-term T * t and short-term s * t seasonal components are estimated from the dataset without outliers. For our simulation study, T * t and s * t then represent the 'correct' 20 (or 'actual') long-term and short-term seasonal patterns, respectively, that we would like to retrieve or estimate from the simulated data.
Our hypothesis is that using the discussed methods for outlier detection should lead to better results with respect to specifying the LTSC and STSC correctly, and subsequently for estimating the parameters of the stochastic process. For our simulation study we also require simulated stochastic trajectories; they will be based on the Markov regime switching (MRS) model defined by eqns. (5)-(7) with parameters estimated from the T * t and s * t deseasonalized EEX and NSW (log-)prices. In total we simulate 1000 trajectories (for each of the two power markets and for each of the two LTSC patterns) and then estimate the seasonal pattern and the parameters of the stochastic process for each trajectory. The following simulation and estimation procedure is conducted:
where X t is the stochastic component (a sample realization of the MRS model with 'correct' parameters estimated from EEX or NSW market data), T * t is the 'correct' LTSC (wavelets or sin-EWMA) and s * t is the 'correct' STSC ('average week'. This trajectory can be treated as a stochastic 'copy' of the EEX or NSW spot price series, but with known seasonal patterns and parameters of the stochastic component. 2. Fit a seasonal pattern to P t using wavelets or sin-EWMA for the LTSC (obtaining T 0 t ) and 'average week' for the STSC (obtaining s 0 t ). Deseasonalize the simulated trajectory X 0 t = P t − T 0 t − s 0 t . This step is equivalent to fitting a seasonal pattern and a stochastic model to raw electricity spot prices. 3. Filter the deseasonalized series X 0 t using one of the outlier detection methods, yielding the deseasonalized series without outliers X 0F t . Construct an outlier filtered trajectory by adding back the seasonal pattern estimated in step 2: P F t = X 0F t + T 0 t + s 0 t . 4. Fit a seasonal pattern to the filtered trajectory P F t using wavelets or sin-EWMA for the LTSC (obtaining T F t ) and 'average week' for the STSC (obtaining s F t ). Then deseasonalize the original trajectory P t by removing the seasonal pattern estimated from the filtered series
This step corresponds to the approach we are testing in this paper, i.e., fitting a seasonal pattern and a stochastic model to outlier filtered electricity spot prices. Note that we cannot bypass steps 2 and 3 and filter out the outliers from raw price data as the seasonal patterns substantially complicate the identification of price spikes and drops in raw data. 5. Calculate mean squared (MSE) and mean absolute errors (MAE) between the original seasonal components (T * t , s * (1) ORG, (2) FPT, (3) VPT1, (4) VPT2, (5) RFP, (6) RFD, (7) RM and (8) RSC; see Section 5.2 for filter definitions.
Seasonal patterns for outlier filtered trajectories
We first examine the results on estimation of the seasonal pattern for the simulation runs. Table  2 provides the results for the mean squared error (MSE), comparing the actual and estimated longterm (T t ), short-term (s t ) and overall ( f t = T t + s t ) seasonal patterns based on the different outlier detection methods. Note that the results for the two markets are provided for both the wavelet and the sin-EWMA long-term seasonal components. Next to using the MSE as loss function, we also calculated the mean absolute error (MAE). However, since MSE and MAE yielded very similar results, these results are not reported here. They are, however, available upon request to the authors.
We also performed a Kruskal-Wallis test to examine significant differences between the samples of MSE for the considered outlier detection methods. The Kruskal-Wallis test is a nonparametric version of the classical one-way analysis of variance (ANOVA), and tests the null hypothesis that all samples are drawn from the same population, or equivalently, from different populations with the same distribution, see, e.g., Hollander and Wolfe (1999) . Unlike a standard one-way ANOVA, the test does not require the assumption that all samples come from a population with a normal distribution. Examining the distribution of the simulation-based MSE and MAE for the deviation from the actual seasonal pattern, the assumption of normality for the population would not be justified. Therefore, a Kruskal-Wallis test is more appropriate to test for significant differences between the populations. As mentioned above the null hypothesis for such a test is that all samples are drawn from the same population. Therefore, rejecting the null only provides statistical evidence for at least one of the samples being from a population with a different distribution. However, the test does not provide detailed information on which of the samples are significantly different. A test that can provide such information is called a multiple comparison procedure (Hochberg and Tamhane, 1987) . The test uses Tukey's honestly significant difference criterion, that is optimal for the comparison of groups with equal sample sizes, to test for significant differences with respect to the performance of the methods. The test is conducted with a significance level of α = 0.05. For each market and deseasonalization method, Table 2 indicates for all of the considered filtering approaches (1)-(8) which of the other methods perform significantly worse or significantly better for the considered criterion. Note that when all other methods were significantly better (or worse) than a particular approach this is indicated by 'All', while '-' indicates that none of the other models provided significantly better (or worse) results. Being based on a nonparametric test statistic, it can be expected that the multiple comparison procedure will not be able to distinguish significant differences between all of the considered methods. However, generally most of the considered methods for outlier detection perform significantly better than the 'no filter' technique (i.e., ORG) with respect to estimating the seasonal pattern.
From a first glance at Table 2 , we find that for most of the considered criteria, using the original price data yields the worst results with respect to estimating the seasonal pattern. In comparison to the 'no filter' approach, most of the considered outlier detection methods lead to a significant reduction in the MSE for the estimated long-term, short-term and overall seasonal pattern. It also becomes clear that results for the LTSC T t usually dominate those for the STSC s t in terms of Table 2 : Mean Squared Error (MSE) for estimation of long-term (T t ), short-term (s t ) and overall ( f t ) seasonal pattern for the conducted simulation study of the EEX and NSW markets. The LTSC T t is modeled by wavelets (two upper panels) or sin-EWMA (two lower panels), while the stochastic price behavior is simulated using the MRS model defined by eqns. (5)-(7) . The best result for each of the considered measures is indicated in bold. The table also provides results for the multiple comparison procedure using Tukey's honestly significant difference criterion (Hochberg and Tamhane, 1987) , indicating for each of the approaches (1)-(8) which of the other methods performs significantly worse / significantly better for the considered criterion. contribution to the MSE for the overall seasonal pattern. Therefore, the method that performs best with respect to T t , in most cases also yields the best results for the total seasonal pattern. In the following we report the results in more detail.
Let us now consider the results for the EEX market when a wavelet LTSC is used, see the top panel of Table 2 . We find that for both the long-term T t , short-term s t and overall seasonal pattern the ORG or 'no filter' method performs the worst. The variable price threshold with 10% highest and 10% lowest prices treated as outliers (VPT2) does not seem to perform that well, but still reduces MSE for the estimation of the total seasonal pattern by more than 18%. For all of the other outlier detection methods the MSE is reduced by more than 25% up to 40% in comparison to the 'no filter' approach. Since T t dominates s t with respect to contribution to the error in the estimation of the total seasonal pattern, the VPT1 method that performs best with respect to T t also yields the overall best results. The Kruskal-Wallis test rejects the hypothesis that the samples are drawn from the same population at all levels of significance (p = 0.000). With respect to multiple comparison of the groups, we find that all methods yield significantly smaller absolute errors for the long term, short-term and overall seasonal pattern than the 'no filter' approach. For the estimation of the long-term pattern T t , the VPT1 method yields the best results, significantly outperforming four of the other methods according to Tukey's honestly significant difference criterion. The recursive filter on prices (RFP) and regime switching model classification (RSC) for detection of the outliers are only slightly worse and also outperform four of the other methods. Note that the test cannot detect significant differences between VPT1, RFP, RM and RSC with respect to the performance in estimating T t . For the short-term pattern s t , we find that the RSC method significantly outperforms all the other methods, while the test finds no significant differences between the VPT1, RFP, RFD, RM technique: they all outperform three of the other methods (ORG, FPT, VPT2), but are significantly worse than the RSC technique. Note that for s t the 'no filter' method performs significantly worse than all methods using data that have been cleaned for outliers. Finally, for the total seasonal pattern, the VPT1, RFP, RM and RSC methods yield the best results, each of them significantly outperforming four of the other techniques. The test does not find significant differences between the performance of these methods in terms of estimating the overall pattern. Again, the ORG method is significantly outperformed by all of the other techniques.
Results for the NSW market with a wavelet LTSC also lead to similar conclusions with respect to the results for the ORG method, see the upper-middle panel of Table 2 . Again, the 'no filter' approach yields the greatest value for the MSE for the estimation of T t , s t and the total seasonal pattern. Only the results for the fixed price threshold method (FPT) are of the same magnitude, while all other outlier detection methods yield much smaller values for the MSE. For the estimation of the overall seasonal pattern, the best results are obtained for the RFP, RFD and RM technique where the MSE is reduced by more than 50% in comparison to the 'no filter' method. Also the other outlier detection methods, except FPT, reduce the MSE by roughly between 30% and 40%. Again the results for the long-term component T t dominate s t in terms of contribution to the MSE for the overall seasonal pattern. Therefore, the methods yielding the best results for T t also perform best for the total seasonal pattern. For estimation of s t , ORG and FPT lead to the worst results with the largest MSE. On the other hand, the outlier detection methods RFP, RFD and RM yield the best results: these methods significantly outperform five of the other methods, while MSE in comparison to the ORG method is reduced by approximately 75%. Note that the test for multi comparison cannot significantly distinguish between the performance of RFP, RFD and RM for estimation of the short-term pattern. Overall, the recursive model estimation yields the best results for the seasonal pattern in the NSW market when a wavelet LTSC is used.
Results are not that clear-cut for the sin-EWMA long-term seasonal pattern, see the two bottom panels of Table 2 . Generally the 'no filter' method is still outperformed by most of the outlier detection methods. The Kruskall-Wallis test rejects for both markets that the MSE samples are drawn from the same population at any significance level (p = 0.000). However, for the EEX market the variable price threshold with 10% largest and 10% smallest prices treated as outliers (VPT2) and MRS model classification (RSC) perform worse for T t and the overall seasonal pattern estimation. Recall from Section 5 that these are the methods that generally classify the largest percentage of observations as outliers and replace them before estimation of the seasonal pattern. So in this case, it seems like removing a substantial fraction of the extreme observations does not provide an accurate estimation of the long-term seasonal sin-EWMA component. Generally, the estimation results for the sin-EWMA pattern are clearly worse for all of the considered outlier filters. In comparison to using a wavelet LTSC, the MSE for the sin-EWMA simulation study is approximately four times larger in magnitude. Note further that the reduction in MSE for the total seasonal pattern for the four best methods, FPT, RFP, RFD and RM, in comparison to the 'no filter' technique is only around 14%. Therefore, it seems as though the estimation technique for the long-term trend impacts on the overall quality of estimation of the seasonal pattern, but also on the ranking of the methods. Still for estimation of the short-term pattern s t , ORG is significantly outperformed by all outlier detection techniques. Overall, for the EEX market the ORG method ranks sixth out of the eight groups and is significantly outperformed by five of the other techniques.
For the NSW market, using the original data for estimation of the seasonal pattern likewise yields the worst results together with the fixed price threshold (FPT) method. Five of the other techniques significantly outperform the ORG method for T t and the total seasonal pattern. For the three best methods, RFP, RFD and RM, the MSE is reduced by more than 30%. Only the FPT and VPT2 method are not able to significantly outperform the 'no filter' approach. Similarly to the EEX market, the errors for estimation of the sin-EWMA long-term seasonal pattern are clearly larger than for the wavelet LTSC. For the NSW market they increase on average by a magnitude of 100%. Again, the estimation technique for the long-term trend dominates the overall quality of estimating the seasonal pattern and the ranking of the methods.
Overall, applying a filtering procedure for the outliers before estimating the seasonal pattern seems to provide a more appropriate specification of the long term, short-term and overall seasonal patterns. This is true for the considered EEX and NSW simulation environments and also for both of the applied estimation techniques for the long-term seasonal pattern (wavelet and sin-EWMA). The ORG method usually ranks among the three worst methods and is significantly outperformed in 23 out of 28 possible cases with respect to MSE for the estimated overall seasonal pattern.
Parameter estimates for the stochastic component of the outlier filtered trajectories
In this section we examine the impact of the misspecification of the seasonal pattern on parameter estimates for the stochastic process. Table 3 provides results on the parameter estimates for the base regime, while Table 4 summarizes the results for the parameter estimates of the spike Table 3 : Mean Squared Error (MSE) for estimation of base regime parameters for the MRS model defined by eqns. (5)-(7) for the conducted simulation study of the EEX market. The LTSC T t is modeled using wavelets (upper panel) or sin-EWMA (lower panel), while the stochastic price behavior is simulated using the MRS model. The best result for each of the considered measures is indicated in bold. The table also provides results for the multiple comparison procedure using Tukey's honestly significant difference criterion (Hochberg and Tamhane, 1987) , indicating for each of the approaches (1)- (8) and drop regime for the EEX market; results for the NSW market lead to similar conclusions and are reported in the appendix only. Recall that these results are based on data that contain extreme price observations such as price spikes and drops. After estimation of the seasonal component, the pattern is subtracted from the spot (log-)price and the three-state regime switching model is fitted to the remaining stochastic component of the data. Let us first consider the results for the base regime in Table 3 when either a wavelet or sin-EWMA long-term seasonal component is used. The table reports the MSE of parameter estimates for α 1 , the long-term mean price level α 1 /β 1 and the instantaneous volatility σ 1 in equations (4) and (5). We find that when a wavelet LTSC is used, for all parameters the 'no filter' method usually yields the worst results. For the parameter α 1 all techniques yield significantly better results for the MSE in comparison to the ORG method. The MSE is usually reduced by more than 40% for six of the seven considered outlier detection methods. Also for the long-term mean price level α 1 /β 1 , six out of seven filtering techniques significantly outperform the 'no filter' method. Interestingly, for these two parameters the best results are obtained for the VPT2 and RSC methods that usually classify the greatest fraction of observations as outliers. Also for the volatility parameter σ 1 of the base regime all filters yield significantly better results than the ORG method. Note that for σ 1 the test for multiple comparison of the groups does not indicate significant differences between any of (7) for the conducted simulation study of the EEX market. The LTSC T t is modeled using wavelets (upper panel) or sin-EWMA (lower panel), while the stochastic price behavior is simulated using the MRS model. The best result for each of the considered measures is indicated in bold. The table also provides results for the multiple comparison procedure using Tukey's honestly significant difference criterion (Hochberg and Tamhane, 1987) , indicating for each of the filtering approaches (1) the outlier detection methods VPT1, VPT2, RFP, RFD, RM and RSC at the 5% level. Results for the sin-EWMA technique are illustrated in the lower panel of Table 3 . Similar to the results for the wavelet LTSC, we find that the 'no filter' approach yields the worst results with respect to the parameter estimates of the base regime. For the parameter α 1 all techniques yield significantly better results for the MSE in comparison to the ORG method. The MSE is reduced by at least 60% for any of the considered outlier filters. Also for the long-term mean price level α 1 /β 1 , the MSE is reduced by more than 50% when the seasonal pattern is estimated based on the filtered data prior to fitting the stochastic model. Interestingly, for both parameters by far the best results are obtained when outlier filtering is conducted using the RSC filter. This method outperforms all other outlier detection techniques and reduces the MSE by more than 85% in comparison to using original data. For the base regime volatility σ 1 , five out of seven filtering techniques significantly outperform the ORG method: the MSE is reduced by approximately 25% to 30% for these methods. Note that in comparison to the wavelet LTSC, estimation errors for the long-term mean price level α 1 /β 1 and the volatility parameter σ 1 are much larger. In particular for the latter the MSE is usually about five times larger. Recall that the wavelet LTSC also provided smaller errors for the estimation of the seasonal pattern. Therefore our results for σ 1 indicate that a bad estimator of the seasonal pattern will also have significant impacts on the estimation of the stochastic parameters and bears a much higher risk of misspecifying the stochastic process.
Results for parameter estimates of the other two regimes, the spike and drop regime, are reported in Table 4 . We find that for the parameters of the second and third regime results are not so clear-cut. When a wavelet LTSC is used (upper panel), the RSC filtering technique for the outliers provides the best results and usually outperforms all other methods. For µ 2 , the location parameter of the shifted log-normal distribution for the spike regime, the RSC filter yields significantly lower estimation errors than all other techniques, while the multiple comparison procedure cannot identify significant differences between any of the other methods. Also for the scale parameter σ 2 of the spike regime, as well as µ 3 and σ 3 , the location and scale parameter of the drop regime, the RSC filter gives the best results. Note that for µ 3 and σ 3 , the 'no filter' approach yields the largest MSE and is significantly outperformed by six, respectively, four of the filtering techniques in terms of this error measure. However, for σ 2 none of the filtering techniques provides significantly smaller MSE in comparison to using the original observations for the estimation of the seasonal pattern.
Results for parameter estimates of the second and third regime in the sin-EWMA simulation scenario are provided in the lower panel of Table 4 . We find that for the parameters of the spike regime, µ 2 and σ 2 , again the RSC filter leads to the smallest MSE. For µ 2 , the 'no filter' approach yields the largest MSE and is significantly outperformed by four of the filtering techniques. On the other hand, for σ 2 , the multiple comparison test cannot detect significant differences between any of the applied methods. For the parameters of the drop regime, µ 3 and σ 3 , in particular VPT2 and RSC perform poorly and lead to greater MSEs in the estimation than most of the other methods. Interestingly, for these parameters, the ORG does not give significantly greater estimation errors than any of the filtering techniques.
Overall, we find that the estimation of the seasonal pattern based on prices that have been filtered for extreme price spikes and drops seems to not only provide a better specification of the seasonal pattern, but, subsequently, also better estimates for parameters of the stochastic process. This is true in particular for the parameters of the base regime, where the 'no filter' approach performs significantly worse for 40 out of 42 possible cases. These results are valid for both the wavelet and the sin-EWMA long-term seasonal patterns. On the other hand, we find that for parameter estimates of the second and third regime -modeling price spikes and price drops -it is more difficult to distinguish between the tested methods.
Finally, Table 5 provides a summary of the overall performance of the considered outlier detection methods. Each method is assigned a number (a 'rank') which is computed as one plus the number of methods performing significantly better in terms of MSE and according to the multiple comparison procedure (Hochberg and Tamhane, 1987) across all considered markets (EEX, NSW) and LTSC patterns (wavelet-based, sin-EWMA). We then calculate two geometric averages -one for the 'ranks' of the seasonal patterns (T t , s t ) and one for the 'ranks' of the parameter estimates of the stochastic model (α 1 , α 1 /β 1 , σ 1 , µ 2 , σ 2 , µ 3 , σ 3 ). We find that for seasonal pattern estimation the 'no filter' approach is performing significantly worse than the other methods, being ranked on average at 7.08 out of 8 considered cases. On the other hand, the ranking illustrates that in particular the recursive filter (RFP and RFD) and the recursive model (RM) approach yield the overall best results for seasonal pattern estimation. For estimation of the parameters of the stochastic process, simulation results suggest that the 'no filter' method is outperformed on average by more competitors (ranked at 3.27) than any of the other techniques. On the other hand, for parameter estimation it is clearly the Markov regime-switching model classification (RSC) of outliers that yields the best results. Note, however, that for most estimated parameters, it is more difficult to significantly distinguish between the performance of the applied methods.
Conclusions
An important issue in the estimation of stochastic models for electricity spot prices is the estimation of a component to deal with trends and seasonality in the data. Unfortunately, estimation routines for the seasonal long-term and short patterns are very sensitive to the abrupt and generally unanticipated extreme changes in electricity spot prices known as spikes (or jumps). In this study we investigate the impact on model estimation for different treatment of extreme observations on determining the number of spikes and descriptive statistics of the adjusted series. Despite their rarity, price spikes are the very motive for designing insurance protection against electricity price movements, i.e., the buying or selling of derivative contracts such as options and futures. The existence of price spikes is also the reason for including discontinuous components in realistic models of electricity price dynamics.
We have shown that improved robustness of the electricity spot price model can be achieved by filtering the data with some reasonable procedure for outlier detection, and then using classical estimation and testing techniques for the seasonal pattern on the filtered data. Using data from the European Energy Exchange (EEX) and New South Wales (NSW) electricity market, we examine the effects of different filtering techniques on the estimation of the seasonal pattern and, subsequently, the parameters of the stochastic process. We find that using filtered data that have been cleaned for outliers instead of the original spot price yields quite different estimates of the seasonal long-term and short-term pattern, in particular for periods where actual price spikes could be observed in the markets. In a Monte Carlo simulation study we then show that estimates of the seasonal pattern being based on filtered data are significantly better in comparison to estimates based on the original price data. While we cannot identify a single best method for outlier detection, for the considered EEX and NSW markets the best results with respect to estimating the seasonal pattern are obtained when either a recursive filter on prices (RFP) or price differences (RFD) or a recursive seasonal model (RM) estimation is applied. More importantly, usually all of the considered approaches significantly outperform the 'no filter' approach that uses the original spot price. We further illustrate that a misspecification of the seasonal pattern generally also leads to larger errors for parameter estimates of the stochastic process, and therefore, to a potentially misspecified model. Also here the 'no filter' approach ranks last among all considered methods while a Markov regime-switching model classification (RSC) and variable price thresholds (VPT1, VPT2) tend to provide the best results.
Our findings point out the substantial impact the treatment of extreme observations may have on the estimation of the seasonal pattern and stochastic model. Based on our results we recommend that before the estimation of the deterministic seasonal pattern a filtering procedure for detection and replacement of extreme observations in electricity spot prices should be implemented. Such an approach will yield more appropriate estimates for both seasonal pattern and the parameters of the stochastic process. 
